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Abstract: It is very difficult to accurately divide farmland and woodland in Gaofen 2 (GF-2) remote
sensing image, because their single plant coverage is very small, and their spectra are very similar.
The ratio of spatial resolution and one plant’s coverage area must be fully taken into account when
designing the Convolutional Neural Network structure for extracting them from GF-2 image. We
establish a Convolutional Encode Neural Networks model (CENN), The first layer has two sets of
convolution kernels to learn the characteristics of farmland and woodland respectively, while the
second layer is the encoder to encode the characteristics by transfer function, which can map the
results to the corresponding category number. In the training stage, samples of farmland, woodland,
and other categories are categorically used to train CENN, as soon as training is accomplished,
CENN would acquire enough ability to accurately extract farmland and woodland from remote
sensing images. The final extraction result is obtained by implementing per-pixel segmentation of
images used to train the CENN. CENN is compared and analyzed with others such as Deep Belief
Network (DBN), Full Convolutional Network (FCN), Deeplab Model. The results of experiments
show that CENN can more accurately mine the characteristics of farmland and woodland, and it
achieves its goal of extracting farmland and woodland with high precision from GF-2 images.

Keywords: Convolutional Neural Network; Gaofen 2 remote sensing image; remote sensing image
segmentation; Convolutional Encode Neural Networks model (CENN); categorical learning; per-
pixel segmentation; farmland; woodland

1. Introduction

Image segmentation is the precondition and foundation for the extraction and target
identification of high-resolution remote sensing image [1]. In high-resolution images, the spectral
features are more abundant, In the high-resolution image, The spectral confusion is more serious and
the differentiation is significantly reduced, and the accuracy of the segmentation method based on
spectral statistics is significantly reduced[2,3].Object-oriented image segmentation method can
overcome the influence of "salt and pepper"” noise and improve the accuracy by using object structure
and spectral signature. It needs to adjust the segmentation scale to obtain the suitable image
segmentation result, but the suitable segmentation scale is difficult to be determined, which resulted
in the slow development of the object-oriented segmentation method [4, 5].

With the development of machine learning technology, researchers began to apply machine
learning algorithms such as Neural Networks (NN) [6,7] and Support Vector Machine (SVM) [8,9] to
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the segmentation of high-resolution images and added Image texture, structure, and other features
to improve the segmentation accuracy [10-12]. The study shows that image segmentation based on
machine learning algorithm can obtain more optimal results compared with the traditional statistical
methods and object-oriented methods [13,14]. But both SVM and NN belong to the shallow learning
algorithm [15-17], Due to the limited network structure, shallow learning algorithm has difficult to
express complex function effectively, so enhanced with the increase of sample size and diversity of
samples, shallow model also gradually cannot adapt to the complex samples.[18,19].

The recent advancement in the deep learning motivates us to address these problems with deep
neural networks [20-23]. As one of the important branches of deep learning, convolutional neural
network has long been applied to image data due to its outstanding ability of feature learning [24—
26].The deep learning network composed of multi nonlinear mapping layers has strong function
expression power which has obtained excellent results in image segmentation and many of its
achievements have been approved [27,28]. As one of the important branches of deep learning,
Convolutional Neural Network has long been applied to image data due to its prominent ability in
feature learning. The traditional deep learning methods involved deep convolutional neural
networks (DCNN) [29,30], deep deconvolutional neural networks (DeCNN) [31].Since then, many
methods of remote sensing image segmentation based on Convolutional Neural Network have been
developed[32,33]. Many large convolutional neural network whose performance can be scaled
depending on the size of training data, model complexity as well as processing power, has shown
significant improvements in object segmentation from images [34-41].

Fully Convolutional Networks (FCN) is a deep learning network for image segmentation
proposed in 2015 [41]. Taking benefit of the advantages of convolutional computation in feature
organization and extraction, the network establishes a multi-layer convolution structure and
reasonable sets deconvolution layer to realize explicit segmentation [42-44]. Since then, researchers
have developed a series of segmentation models based on convolution, such as segNET [45], UNet
[46], DeepLabel [47], Multi-Scale FCN [48], reSeg [49], which have their own strengths and work very
well in different types of images.

The key models such as FCN achieve success because they express rich detail features on images
well through the multi-layer convolution. But we notice that in farmland region, one pixel usually
contains several individual plants, thus the information between pixels does not change much and
the image texture is smoother. Although the individual trees are larger than the crop, a tree typically
occupies two or three pixels on the GF-2 image, and smaller trees tend to occupy only one pixel or
less than one pixel. The information change between pixels is still small, due to the difference of the
pixel content, the image has a grainy texture. Because of the nature of the pixel that covers the crops
and trees, the effect of deep layer convolution is very small, and more features cannot be found, and
even greater noise can be pulled in, resulting in poor segmentation effect.

From the above analysis, we may find that the proportion of spatial resolution of the image and
the area size of extracting features must be fully considered when image segmentation by deep
learning is implemented in order to design a network structure for the specific scenario, to improve
the segmentation accuracy. Overall, the paper puts forward a Convolutional Encode Neural
Networks (CENN) model according to the characteristics of the GF-2 images, such as lesser covering
area of single crop and tree, fewer pixels and details and continuous plant emergence to realize
farmland and woodland extract, which improve the segmentation accuracy effectively and achieves
good results. The paper mainly carried on the following work:

(1) According to the characteristics of GF-2 data, a network structure composed of convolution
and encoder is designed, in which the convolution part is used to extract the features, the encoder is
used to encode and map them into the corresponding feature categories.

(2) Inthe model training, the method of classification training was adopted. Taking the sample
of farmland and woodland as the positive sample, the others as the negative sample, and the
farmland and the woodland as negative samples for each other, the model was trained to obtain
sufficient recognition ability.

d0i:10.20944/preprints201712.0192.v1
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98 (3) Use the trained model to segment the image and evaluate the accuracy of the segmentation
99  results.
100 2. Methods
101 Similar to other research on image segmentation using convolutional neural networks, we

102 divide the work into two parts of training stage and classification stage by using CENN, as shown in
103 Figure 1.

104 The upper part of Figure 1 shows the training stage, image-label pairs, with pixel-class
105  correspondence, which together becomes input to the CENN as training samples. The error between
106  predicted class labels and labels is calculated and back-propagated through the network using the
107  chain rule, and then the parameters of the CENN are updated using the gradient descent method.
108  The above iteration will be stopped when the error is less than a given threshold. The lower part of
109  Figure 1 shows the classification stage, the trained CENN has enough ability exacting farmland and
110 woodland accurately on an input image.

labels
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I v Update parameters function
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.'l W l I
i d
i ¢
T —
i o classification
TR ﬁ_r s
111 input image output
112 Figure 1. The frames of our research
113 2.1 Network Architecture
114 CENN model is divided into four parts as Figure 2 shows, (1) input; (2) convolution kernel group;

115 (3) encoder group; (4) output. In the training stage, the input is original images and labels; In the
116  classification stage, the input is the original image; The output is a single-band file, and the content
117  of each pixel is the class number of the corresponding original image. In this model, the category
118  number 100 is farmland, 150 is woodland and 200 is uncategorized. Let’s focus on convolution kernel
119  and encoder group.
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121 Figure 2. The network architecture of CENN

122 2.1.1 Convolution Kernel Group

123 As in the previous analysis, the effect of deep convolution is very small because of the
124 characteristics of farmland and woodland data. The convolution part of CENN model does not use
125  deep convolution but uses the "width" convolution model to extract more local features to enhance
126  the image pixel segmentation accuracy of the image pixel. The convolution kernels of the CENN
127 model are in r*c*h form, where r denotes the width of the convolution kernel, ¢ denotes the height of
128  the convolution kernel, and h denotes the number of channels of the convolution kernel. In this paper,
129 h are all set to 3 because we only use three channels of GF-2. There are four types of convolution
130 kernel which is 1*1*3, 3*3*3, 5*5*3, 7*7*3, designed in CENN as Figure 2 (b) (c) shows.

131 (1) 1*1*3The main role of the convolution kernel is to extract the color characteristics of the center
132 pixel.
133 (2)The convolution kernel of 3*3*3 is divided into two sub-categories. The first subclass is the

134 convolution kernel that needs to be trained, and this type of convolution kernel is used to extract the
135 texture features of the central pixels and the surrounding 8 pixels. The second subclass is a fixed
136 convolution kernel, which is used to extract the color change between two adjacent pixels. It is further
137  divided into eight sections, as shown in Figure. 3. The eight convolution kernels are used to calculate
138 the value of the color difference between the central pixel and the upper left, upper, upper right, left,
139 lower left, lower right and lower right eight adjacent pixels. The absolute value symboll-1lin it
140 indicates that the calculation result is the absolute value of the color difference, so it will be
141  convenient for subsequent operations.
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143 Figure 3. Eight fixed convolution kernel of 3*3*3
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144 (3) The function of 5*5*3, 7*7*3 types of convolution kernels is similarto the 3*3*3 types of
145  convolution kernels, but they have a wider range to exploit the feature between center pixels and
146  surrounding pixels. Similar to the convolution kernels of 3*3*3 types, convolution kernels of 5*5*3
147  and 7*7*3 each have two subclasses. Figure 4 shows 8 fixed convolution kernels of 5*5*3 and Figure
148 5 shows 8 fixed convolution kernels of 7¥7*3.
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153 In Fig. 4 and Fig. 5, the convolution result shows the sum of the differences between the pixels
154  in each direction, and the convolution result is averaged to correspond to the result of the fixed
155  convolution kernel of 3*3*3.

156 Among them, 5 * 5 * 3 processing method is:
157 r="=2 1)
158 7*7* 3 is handled as follows:
159 r =27 )
I
160 ry, Iy, r; means differences between the pixels.
161 The convolution kernels were divided into two groups A and B, group A was designated to

162 learnfarmland samples, and group B to study woodland samples. Both groups contain 1*1*1, 3*3*3,
163 5*5*3, 7*7*3 four type convolution kernels. After training, two sets of convolution kernels are
164  obtained. The purpose of this design is that the model can better express the unique characteristics of
165  farmland and woodland, and help to improve the distinction ability.

166  2.1.2 Encoder sets

167 The encoder set is designed with two layers of encoders to fit the non-linear relationship between
168  extracted features and output targets.
169 There are two encoders in the first encoder layer, that is the (d)encoder-farm and the (e)encoder-

170 forestin Figure. 2. The (d)encoder-farm is used for performing regression fitting on the characteristics
171  of the farmland obtained from learning, and the (e)encoder-forest is used for fitting the characteristics
172 of woodland obtained from learning.

173 There is 1 encoder in the second encoder layer, that is the (f)encoder-adjust in Figure. 2. The
174 function of the (f)encoder-adjust is to adjust the (d)encoder-farm and the (e)encoder-forest, make the
175  fitting results of the two interval for complete separation, and to ensure that the negative sample
176  information after the calculation of (d)encoder-farm or (e)encoder-forest, does not appear on the
177  farmland and woodland interval. Then the (g)flag-function maps the encoded result of (f)encoder-
178  adjust to the category number, as shown in Figure 6.

LS|

179 100-farm | 50-forest 200-others
180 Figure 6. Result schematic diagram of encoder 3
181 In Figure. 6, the blue part represents the farmland coding result, the yellow part represents the

182  woodland coding result, and the brown part represents the negative sample coding result.
183 2.2 Network Training

184  2.2.1 Label sample

185 In our training dataset, there are a total of 28 remote sensing images of GF-2(size 7300*6900) of
186  Shandong Province, including 12 images of February 17, 2016, and 16 images of May 12, 2017. The
187  panchromatic band of the spatial resolution is 0.8 meters, the multi-spectral spatial resolution is 3.2
188  meters. We used ENVI software to do some pretreat work such as fusion, color stretching for the
189  panchromatic band and 4 multi-spectral bands, and selected 321 as RGB bands, to improve visual
190  effects.

191 Artificial label samples are very important foundations for training. Since the CENN model uses
192 pixels as the main learning object, it must be accurate when labeled. We use ENVI software for
193 labeling and implement preprocessor to make the mask. The process of the artificial label is:(1) In the
194  ENVIsoftware, the ROI (Region of Interest) tool is used to select farmland and woodland in the image
195  data in turn, and select other regions as the un-classified regions. The results, only contained Map
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196  Location of the pixel, named image coordinates, were output to three regions of interest documents.
197  (2)The steps of preprocessor are as follows: adding a new band as mask band in the image file, and
198  the spatial resolution and size of the new band are the same as the original image; reading ROI files
199 in turn, write the class number to the corresponding position in the mask band according to the Map
200  Location of each pixel.

201 We manually labeled all images at the pixel level as label data. In other words, for each image,
202 there exists a 7300*6900 label map, having a pixel-class (row-col indexed) correspondence with it. We
203 used 20 images for training and the remaining 8 images for testing. One label pair examples are
204  illustrated in Figure 7.

| I fovest
-I;Lil-"irv.
-rne.—
[ roae

| others

205 (a)image (b)labels

206 Figure 7. Image-label pair example (a) Original image (b) labels

207  2.2.2 Model Training

208 We chose two periods of the image as training data. The reason why we chose images with a
209  different period is to increase the anti-interference abilities of our model, such as the change of
210  seasons, to enhance its applicability. The general procedure of our training stage is: image-label pairs
211  areinputinto the CENN as training samples. The Encode function is performed on the output feature
212 map generated by the network to predict the class distribution. Then the cross-entropy loss is
213 calculated and back-propagated, and finally, the network parameters are updated using Stochastic
214 Gradient Descent (SGD) [43, 50] with momentum. S

215 After the training is completed, two sets of Convolution Kernels A and B will be obtained. In
216 Group A, farmland features may be enhanced while other types of features are suppressed as much
217  as possible. In Group B, woodland features may be enhanced while other types of features may be
218  suppressed.

219 In our training, the SGD method with momentum is used for parameter updates, the following
220  expression illustrates the SGD [43, 50] method with momentum.

221 wetrh = w — Ay @+ 3)

222 Where, W(n) denote the old parameters while W(n+1) denotes the new parameters, and AW(n+1)

223 is the increment for the current iteration, which is a combination of old parameters, gradient, and
224 historical increment:

n — . n a](w) . n
225 AWEHD = 9 (d,, - W + T8 1 m - AW )
226 Where, J(W) is the loss function, 9 is the learning rate for step length control, d,, denote the

227  weight decay, and m denote the momentum.

228 2.4 Segment using the trained network

229 After training, the model can be used to segment the input image pixel by pixel. According to
230 our design, the output will be written into a new band with the value of each element in this band as
231  the category number of the corresponding original pixel. As mentioned earlier, three class numbers
232 were used in our experiments: 100 - Farmland, 150 - Woodland, 200 - Uncategorized. The benefit of
233 this design is that it saves the segmentation result and avoids any damage to the original file.

234


http://dx.doi.org/10.20944/preprints201712.0192.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 December 2017 d0i:10.20944/preprints201712.0192.v1

8 of 18

235 3. Experiments

236 We designed a set of test experiments and comparative experiments to verify the feasibility of
237  CENN. Our algorithm is implemented using Python 2.7 and is performed on the Linux Ubuntu 16.04
238  operating system installed NVIDIA GeForce Titan X Graphics device with 12G byte graphic memory.
239 The data and classification criteria we used have already been described in Section 2.2.1. We
240  selected about a half pixels of each image as samples to train CENN and the rest as test data.

241 3.1 Learning ability of CENN indicators

242 The ability of CENN model is mainly reflected in the two aspects of feature extraction ability
243 and coding ability. The features of the four scales extracted by CENN model are all in numerical form.
244 It accumulates the degree of concentration of the extracted eigenvalues as an index to examine the
245  feature extraction ability, and takes the discrimination among farmland, woodland and background
246  asanindex to check the coding ability after coding, further the proportion of the number of the wrong
247  pixel as the index of a test model is taken to examine the overall segmentation ability of the model.

248 3.2 Comparison Model

249 We chose the DBN model, the FCN model and the Deeplab model as the comparative models
250  and used specific methods given in the open literature for comparative experiments.

251 3.2.1 DBN

252 This paper [2] gives a method of pixel-by-pixel classification for high-resolution images by using
253  DBN. The method uses non-subsampled contourlet transform to calculate the texture features of the
254  image and uses DBN to classify the high-resolution remote sensing images based on spectral-texture
255  features.

256 The training process of this thesis includes two processes: pre-training and fine-tuning. The pre-
257  training is conducted in an unsupervised manner through unlabeled samples. During training, the
258  greedy algorithm is used to optimize layer by layer. The parameters of Restricted Boltzmann
259  Machines(RBM)in each layer are adjusted independently. After training one layer, the output of the
260  layer is regarded as the input of the next layer, and the training of the next RBM is continued. After
261  the pre-training, a supervised learning mode is used to train the last layer of network, and the error
262  is propagated layer by layer. The weight of the entire DBN network is fine-tuned, and the
263  backpropagation method is used during this process.

264  322FCN

265 For the FCN model, we directly employ the FCN-8s model proposed by Jonathan Long et al.

266 [42].The architecture of the model is also the VGG-16 network. The final prediction is fused from the

267  outputof three branches (from the primary network, the pool4 layer, and the pool3 layer, respectively)
268  after the up-sampling operation. In the training phase, the input data and the training parameters for

269  FCN-8s in the experiment are the same as ours. In the testing stage, we use the same classification

270  parameters as our approach.

271  3.2.3 DeepLab

272 For the DeepLab model, we directly employ the DeepLabel v3 model proposed by Liang-Chieh
273 Chen et al. [47]. DeepLab is also based on VGG network like FCN, but there is a difference. In order
274  to ensure that the output size will not be too small and without adding too much padding, Deeplab
275  used a very elegant approach: the stride of pool4 and Pool 5 layers in VGG network changed from
276  the original 2 to 1, plus 1 padding. This modification makes the total stride of VGG network change
277  from 32 to 8, which makes fc7 get the score map of 67x67 when the input image is 514x514. It is much
278  denser than FCN. To compensate for the effects of stride changes on the receptive field, Deeplab uses
279  a convolution method called "Atrous Convolution" to ensure that the pooled experience remains
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280  unchanged and the output is more refined. Finally, DeepLab takes a Fully-Connected Conditional
281  Random Fields to refine the split boundary.

282 3.3 Results and Comparison

283 3.3.1 Learning ability of CENN

284 In Figure 8, we give the distributions of the features learned from Sample-Farm, Sample-Forest,
285  and Sample-Ground respectively. It can be seen from Figure 9 that after the convolution operation,
286  the characteristics of farmland and forest are mainly concentrated in two regions while the Sample-
287  Ground type is very scattered. This is mainly because of the seasonal differences between the data
288 we selected and the more significant differences in color values. At the same time, the characteristics
289  concentration of the forest is less than that of farmland, which is mainly because the color change of
290  woodland is much larger than that of farmland.

291
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293 Figure 8. Training results of 1*1*3 type convolution kernels

294 Figure 9 also shows the learning results of 3*3*3 convolution kernels for Sample-Farm, Sample-
295  Forest, Sample-Ground in the form of a histogram. As it is evident from the figure, since the 3*3*3
296  convolution kernel is mainly used to learn the color difference between adjacent pixels, the features
297  of Sample-Farm samples have better concentration degree, and the dispersion level of Sample-Forest
298  aresignificantly larger, reflecting the features that the texture of Sample-Farm are fine and the texture
299  of Sample-Forest are rough.
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301 Figure 9. Training results of 3*3*3 type convolution kernels

302 Further, for farmland, the characteristics concentration of 5*5*3 convolution kernels and the
303  characteristics concentration 7*7*3 convolution kernels both less than the characteristics
304  concentration 3*3*3 convolution kernels, The reason is that as the field of vision expands, more
305  negative sample pixels are introduced into the boundary. But Sample-Forest5*5*5 has the best
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concentration of features, this shows that the convolution kernel of 5*5*3 is more suitable for the
extraction of woodland features. Figure 10 shows the learning results of 5*5*3 convolution kernels.
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Figure 10. Training results of 5*5*5 type convolution kernels

From the results, we can observe that on one hand, multi-space convolution kernel is more
specifically suitable for the extraction of farmland and woodland features rather than the application
of depth convolution kernel, on the other hand, the result indicates the need to combine multiple
features in order to accurately determine the type of pixel description, and the necessity of encoder.

Figure 11(a) shows the encoding result of the first layer encoder, (b) shows the encoding result
adjusted by the second layer encoder. It can be seen from the figure that the adjusted encoding result

is already available to use for Segmentation of the pixels.

1 L L L L L L L )
120 140 160 180 200 0 240 260 280 1120 ulm 15‘0 1é0 20‘0

(a) (b)

Figure 11. Encoding result

3.3.2 Experiment Result Comparison

L L L 1
220 240 260 280

In Comparison Experiment, we adopt our trained model on four GF-2 for the Segmentation. All
the image sizes are 73006900. These images are the testing images that are not involved in training.
Figure 12 is the illustration of the results and the comparisons. Figure 13 is the Errors of DBN, Figure

14 is the Errors of FCN, Figure 15 is the Errors of Deeplab.
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326 Figure 12. Segmentation results on GF-2 images. (a) Original images; (b) Results of DBN; (c) Result of FCN; (d)

327 Results of Deeplab; (e) Our results corresponding to the images in (a).
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329 Figure 13. The Errors of DBN
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334 Figure 15. The Errors of Deeplab
335 We employ precision, recall, and Kappa coefficient as the indicators to evaluate our approach.

336  These indexes are calculated from the confusion matrix C, where the precision is calculated as
337 %Zi Cii/ 2;C;; that denotes the average proportion of pixels being classified to one class that are
338 correct, and the recall is computed as %Zi Cii/ 2i Gy that represents the average proportion of pixels

339  that are correctly classified, and the Kappa coefficient measures the consistency of the predicted
340  classes with the manual labels [43]. The comparisons are listed in Table 1.

341 Table 1. Comparison between approaches using DBN, FCN, Deeplab, and CENN

Approach Index Experiment-1 Experiment-2 Experiment-3

DBN Precision 0.69 0.74 0.76

Recall 0.61 0.63 0.62

Kappa 0.58 0.69 0.71

FCN Precision 0.79 0.81 0.76

Recall 0.72 0.75 0.69

Kappa 0.71 0.73 0.64

Deeplab Precision 0.84 0.86 0.79

Recall 0.77 0.79 0.73

Kappa 0.79 0.81 0.77

CENN Precision 091 0.93 0.93

Recall 0.85 0.88 0.87

Kappa 0.82 0.85 0.84
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342 4. Discussion

343 This paper presents a classification approach, which extracts farmland and woodland from high-
344 resolution images using the CENN model. Compared with the three typical deep learning-based
345  approaches, the classification accuracy is obviously improved. In the following sections, we will
346  discuss the reasons.

347 4.1 DBN vs. Our Approach

348 In the method of pixel segmentation based on DBN, the texture feature of image is computed
349  first and the obtained two-dimensional texture features are transformed into a one-dimensional
350  vector. Then the three channel values of RGB are added to this Vector and merged into one vector.
351  Finally, each component value of the vector is taken as an independent input to construct a DBN
352  network to achieve the purpose of classifying the pixels. The use of the texture features of the
353 components disassembled did not play the role of the spatial relationship represented by the texture,
354  thereby losing the meaning of texture extraction. Therefore, similar to traditional spectral-based
355  methods, this method utilizes only the spectral characteristics of the pixels themselves and fails to
356  effectively utilize the spatial relationship between pixels, resulting in easy judgment errors in
357  applications.

358 Unlike the DBN method, the CENN model makes full use of the advantages of convolution in
359  information aggregation and uses 1*1*3 convolution kernel to extract the common features of the
360  original spectral value. Three kinds of convolution kernels of 3*3* 5*5%*3 and 7 *7 * 3 are used to
361  extract textural variation characteristics of pixels in three sizes. Then, coding the four kinds of the
362  same amount twice is logically clear, complete and accurate. Because CENN fully excavated many
363  features of data, meanwhile, using the two-stage encoder to simulate nonlinear equations to encode
364 the features, the accuracy of pixel type decision was greatly improved.

365 4.2 FCN vs. Our Approach

366 The advantage of the FCN model is that the depth convolution can make good use of rich detail
367  features of the image, which is obvious when extracting a target object with a large number of pixels.
368  However, if the target object covers a large number of pixels even when one pixel contains several
369  target objects, the use of depth convolution not only fails to achieve the purpose of extracting more
370  detailed features but may also introduce more noise due to the expansion of the visual field, which
371  affects the decision of pixel ownership. When using FCN to extract farmland and woodland from GF-
372 2images, although it occupies a large number of pixels in a farmland or woodland, the difference in
373  pixel coverage due to a single plant is small and the advantage of the FCN cannot be played.

374 In contrast to the idea that the FCN model extends the field of view by deepening the hierarchy,
375  the CENN model expands the field of view by increasing the "width". In the GF-2 image segmentation,
376 using 3*3*3, 5*5 *3 and 7*7*3 three convolution kernels, the maximum observed area is about 49m?2,
377  which can cover most of the canopy. Therefore, the CENN model can not only fully exploit the
378  features of the pixels themselves, but also fully exploit the spatial relationships between pixels, taking
379  good account of the natural appearance of crops and trees continuously. In addition, the CENN
380  model takes full account of the natural distribution of farmland and woodlands and is more
381  advantageous in identifying pixels at corners.

382 From the experiment, we can conclude that the FCN model and the CENN model have similar
383  segmentation accuracy when identifying the middle region of farmland and woodland. However,
384  there are significantly more FCN model recognition errors when identifying the pixels in the corner
385  regions, whereas the CENN model has almost no errors, which reflects the design advantage of the
386  CENN model.

387 4.3 Deeplab vs. Our Approach

388 Compared with the FCN model, there are two significant improvements in the Deeplab model:
389 (1) the deconvolution part is improved; (2) the network finally uses the Fully-Connected Conditional
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390  Random Fields to refine the segmentation boundary. These two improvements are very beneficial in
391  the segmentation of individuals with a large number of pixels. From the open literature, Deeplab's
392 segmentation accuracy is better than that of the FCN model when identifying large objects such as
393 buildings. The accuracy of the segmentation is due to the fact that Deeplab makes better use of the
394 details of the image and the spatial correlation of the pixels over a larger area. However, when
395  Deeplab was used to identify woodlands and farmlands, due to the pixel block details haven't
396 changed much farmland, the information available is less, and the farmland and forest land within a
397  wide range of spatial correlation is not strong, lead to Deeplab did not give full play to the effect of
398 it. In the design, CENN fully considered the characteristics of single plant crops and small tree cover
399  area, including fewer pixels and fewer details, these inclusions when viewed in reference with the
400  fact that the plants usually appeared continuously in nature, ensured that the CENN model was
401  applied in extracting the advantage of farmland and woodland.

402  5.Conclusions

403 This paper presents a CENN model that can extract farmlands and woodlands from GF-2 images.
404  Compared with the classical DBN model, FCN model and Deeplab model, the CENET model we
405  designed fully considered of characteristics of crops and trees in the GF-2 image. According to the
406  characteristics of the model, the method of classification training is adopted in the model training so
407  that the model can obtain sufficient discrimination ability and achieve the goal of extracting farmland
408  and woodland with high accuracy from the high score 2 image. The paper also provides a method of
409  using ROI for sample annotation, which can reduce the manual workload of marking and improve
410  the marking efficiency.

411 The goal of CENN is to make up for the shortcomings of extracting models of farmland and
412 woodland on the meter level images of GF1 and GF2 such as FCN model and Deeplab model. When
413 theresolution of the image is better than the meter level, the CENN model no longer has an advantage
414  because more plants cover a larger number of pixels and more detail appears on the image. At this
415  time, it is no longer possible to use CENN for farmland and woodland extraction.
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